This research investigates the potential impact of warming on Italian agriculture. Using a detailed dataset of 16,000 farms across Italy, the study examines likely warming impacts in different regions and for different sectors of Italian agriculture. The study finds that farm net revenues are very sensitive to seasonal changes in temperature and precipitation. Livestock and crop farms have different responses to climate as do rainfed farms and irrigated crop farms. The overall results suggest mild consequences from marginal changes in climate but increasingly harmful effects from more severe climate scenarios.
Introduction
The literature addressing the impact of climate change on European agriculture mostly relies on crop models (Eckertsen et al., 2001; Reidsma et al., 2010; Palosuo et al., 2011; Olesen et al., 2011; Rötter et al., 2011a Rötter et al., , 2011b Rötter et al., , 2012 Iglesias et al., 2012; Porter et al., 2013) . This literature finds that climate change may have positive effects for agriculture in Northern Europe while damages will prevail in Southern Europe. Warmer climates in Northern countries may allow new crop species and varieties, increase yields, and expand cropland (Olesen and Bindi, 2002; Ewert et al., 2005; Iglesias et al., 2012) whereas Southern Europe may experience a reduction in crop yields, higher yield variability, and a reduction in cropland.
The Ricardian method was developed to study the long-term impacts of climate change on agriculture while accounting for adaptation (Mendelsohn, Nordhaus and Shaw, 1994) . This hedonic method starts from the assumption that land rents reflect the expected productivity of agriculture (Ricardo, 1817) . The method estimates how much of the observed cross-sectional variation of land values (or net revenues) can be explained by climate controlling for confounding factors. The strength of the Ricardian method is its ability to measure the long run impacts of climate change taking into account the ability of each farmer to adapt.
Several studies have now estimated multi-country Ricardian models for Europe (Moore and Lobell, 2014; Van Passel, Massetti and Vanschoenwinkel, Mendelsohn and and there are also several single country studies for Europe (Maddison, 2000; Lang, 2007; Lippert, Krimly and Aurbacher, 2009; Lippert, 2015 and . The Van Passel, Massetti and Mendelsohn, (2016) study finds that European farms are sensitive to warming with possible climate damage of 8% to 44% by 2100 depending on the climate scenario.
Farms in Southern Europe (Spain, Portugal, Italy, Greece and South of France) are predicted to be especially vulnerable. In particular, the study predicts that about two thirds of the loss in land values in the EU is concentrated in Italy because Italy contains most of the vulnerable agricultural land in Southern Europe. It is consequently pertinent to examine Italian agriculture more closely. This paper constructs a unique dataset of Italian farms involving a much larger number of observations for Italy alone than in Van Passel, Massetti and Mendelsohn (2016) . Further, the farm level data is geo-referenced at the municipal level which is more spatially refined than NUTS3 level used in Van Passel, Massetti and Mendelsohn (2016) . This enables a closer fit between the farm data and climate, soil, geography and other socio-economic variables.
Italy is an excellent case study to investigate the impact of climate on European farms, due to the highly heterogeneous climatic, soil, socio-economic and topographical features of the Italian peninsula. By limiting the study to Italy, the paper also avoids possible problems associated with comparing farms in different countries.
We regress farmland values on climate, soils, and other control variables for our entire sample.
These regressions allow us to estimate the impact of marginal and non-marginal changes in climate across Italy. We then explore regressions on sub-samples of farms depending upon whether they specialise in crops or livestock production or whether they are irrigated or rainfed. These latter results allow us to test the climate sensitivity of each type of farm. The results confirm findings from the literature that the climate sensitivity of each type of farm are different (Schlenker, Hanemann and Fisher, 2005; Kurukulasuriya and Mendelsohn, 2008; Seo and Mendelsohn, 2008b) . Part of the reason the results are different for livestock versus crop farms or for irrigated versus rainfed farms is that the underlying conditions may be different. The farmers are aware of these differences but the analyst may only know some of them. This may lead to biased estimates of climate coefficients in the full sample (Timmins, 2006) . But the results from sub-samples of farms must be interpreted carefully because whether a farmer grows crops or livestock or uses irrigation is a choice by farmers and farmers will likely change their choices to adapt to climate change (Timmins, 2006; Kurukulasuriya, Kala and Mendelsohn, 2011) .
Contrary to Van Passel, Massetti and Mendelsohn (2016) we find that a uniform marginal increase in temperature across the year does not significantly affect land values in Italy. The effect of warming in summer is harmful, but warmer spring and autumn temperatures are beneficial. A uniform marginal increase in precipitation across the entire year is also not significant at the national level, but it is significant at the regional level. More (less) annual precipitation is significantly harmful (beneficial) in the North and significantly beneficial (harmful) in the South and in the Centre.
We examine the non-marginal climate sensitivity of current agricultural production using climate change scenarios from eight alternative General Circulation Models (GCMs) from the Climate Modelling Intercomparison Project 5 (CMIP5). The more greenhouse gases that are emitted (the more severe the change in climate), the larger and more likely are the harmful effects.
Harmful effects also tend to increase over time for each climate scenario as temperatures increase.
Although the climate scenarios used are not directly comparable with those in the study by Van Passel, Massetti and Mendelsohn (2016) , the predicted impacts to Italian agriculture are smaller in this study.
The rest of the paper is structured as follows: the next section outlines the methodology and the estimation procedure used. The third section describes the data. Section four presents the main results. Section five concludes.
Methodology
This paper relies on a Ricardian analysis (Mendelsohn, Nordhaus and Shaw, 1994 ) of a rich dataset, comprising almost 16,000 farms across the Italian territory. The Ricardian approach is a crosssectional analysis of farm land values. Land values are regressed on a set of climate variables and control variables. The strength of the approach is its ability to measure the long run impact from climate change given likely climate adaptations by farmers. The approach is not designed to measure short term weather impacts (Kelly, Kolstad and Mitchell, 2005) .
The method assumes that farmers maximize land rents given the climate and the other exogenous factors that they face. If land markets are competitive, rents will reflect the long run productivity of the land (Ricardo, 1817) . Farmland prices in turn reflect the present discounted value of future land rents. The regression coefficients estimate the impact on land value of the current temperature and precipitation of each farm. Assuming each farmer has adapted to the climate they currently live in, the result reflects farm adaptation.
Farmer choices, consequently, should not be included in the Ricardian model. For example, one should not include irrigation or crop choice as an independent variable in the regression model. The Ricardian model is intended to measure outcomes allowing these choices to adjust.
One point that is important to understand is that the result of a general Ricardian model describes the net outcome across the entire agricultural system. Each farming area, having adopted a specific crop and type of farming is captured along this function. If conditions change substantially, the
Ricardian function describes what would happen to that farm area if it changed into a different farm with the new conditions. The general Ricardian model does not describe what would happen if the farms remain the same. For example, if rainfed farms with access to water experience a prolonged drop in rainfall, the general Ricardian model would assume these farms would switch to irrigation.
In contrast, if one estimated a rainfed Ricardian model with just rainfed farms, the model would assume that there would be no switching. The general Ricardian model would provide biased estimates of the outcome to rainfed farms that remain rainfed (Schlenker, Hanemann and Fisher 2005; Timmins, 2006) . The rainfed Ricardian model would provide biased estimates of the outcome to farms that switch to irrigation (Mendelsohn, Nordhaus, and Shaw 1994) . A structural Ricardian model could predict the probability a farm would be irrigated or rainfed and a conditional income for both irrigated cropland and rainfed cropland (Kurukulasuriya, Kala and Mendelsohn, 2011) . But this requires data about water access that is not available in this data set and so is a topic for further research.
We include Ricardian estimates of crop versus livestock farms and of rainfed versus irrigated farms. We analyse these subsamples to understand how different parts of the Italian farm sector respond to climate. The analyses provide further insight into how Italian farms will be affected.
The same statement applies to the macro-regional analyses which try to explain how parts of the country will be affected.
One of the weaknesses of the Ricardian model (and of all uncontrolled experiments) is the potential bias from omitted variables. Time-independent location-specific factors such as unobservable skills of farmers or unobservable soil quality can potentially bias the coefficients of observed variables they are correlated with (Deschênes and Greenstone, 2007) . Panel models that use fixed effects and weather shocks to identify the relationship between climate and agricultural productivity are subject to possible omitted variable bias as many of the omitted weather variables are correlated to the regressors (Zhang, Zhang and Chen, 2017) . We minimize this problem by compiling a rich dataset of geographic and socio-economic variables to include in the model. However, some variables were not available for this study such as access to surface water or groundwater.
Although the Ricardian model does measure impacts net of adaptation, it does not measure how farmers adapt (Seo and Mendelsohn, 2008a) , and what specific adaptation strategies are employed by farmers (Di Falco, Veronesi and Yesuf, 2011) . Separate studies that explicitly address adaptation are required to study the choice of irrigation (Kurukulasuriya, Kala and Mendelsohn, 2011; Chatzopoulos and Lippert, 2016) , crop choice (Kurukulasuriya and Mendelsohn, 2008; Seo and Mendelsohn, 2008a; Wang et al., 2010; Chatzopoulos and Lippert, 2016) and livestock choice (Seo and Mendelsohn, 2008b; 2008c) .
The Ricardian method has been applied to most regions of the world (see review in Mendelsohn and Dinar, 2009 ). Several of the analyses, such as the studies in the United States, rely on aggregated land value data by county (Mendelsohn, Nordhaus and Shaw, 1994; Fisher, 2005 and 2006; Deschênes and Greenstone, 2007) . Farm level data, such as the data in this study, are valuable because they contain important information about the type of farm allowing the Ricardian study to estimate impacts by different farm types. They also permit a more accurate measure of farm level variables.
The Ricardian model assumes that farmland value per hectare (V) of each farm i is equal to the present value of future net revenues from farm activities:
where is a vector of exogenous market prices of output, Q is output, X is a vector of purchased inputs (other than land), G is a vector of exogenous control variables that are constant over time (e.g. climate) and Z is a vector of exogenous control variables that change over time (e.g. population and income per capita). We rely on climatologies (i.e., thirty year averages) of temperature and precipitations to study the long-run relationship between climate and land values. is a vector of input prices, t is time and is the relevant discount rate. The farmer chooses the outputs to produce and the inputs X to maximize the land value at given prices, climate and other exogenous socio-economic conditions.
Assuming that farmers maximize (1) given current conditions, they will choose the output and purchased inputs that lead to the maximum farmland value per hectare. The relationship between the maximum farmland value per hectare and the exogenous variables that cannot be changed by the farmer is the Ricardian function:
Note that G, Z, P, and M are all exogenous variables. In particular, we estimate the following pooled OLS model over the years 2008, 2009, 2010 and 2011 :
where the dependent variable ln V i,t is the logarithm of the land value per hectare (EUR/Ha) of farm i at time t. T and R, are seasonal (seasons indexed with k=1,…,4) temperature and precipitation climate normals of farm i that we have separated from other exogenous time invariant control variables in G. , is a random error term which is assumed not to be correlated with climate. Input prices do not appear in (3) because agricultural markets are assumed to be competitive and prices of identical agricultural commodities to be the same across the country. Differences in local prices are explained by transportation and access to markets cost that are controlled by variables included in G and by regional dummies. We rely on the pooled estimate to minimize the influence of random variation that could affect the coefficients in any one year.
We rely on a log-linear Ricardian model because land values, in Italy as in other countries, are lognormally distributed (Schlenker, Hanemann and Fisher, 2006; Fezzi and Bateman, 2015; Van Passel, Massetti and Mendelsohn, 2016) .
Following the literature Medelsohn, 2008a and 2008b; Kurukulasuriya, Kala and Mendelsohn, 2011; Van Passel, Massetti and Mendelsohn, 2016) we look at seasonal differences in temperatures and precipitations impacting farmland productivity, and we posit a quadratic relationship between climate and land values. Schlenker, Hanemann and Fisher, (2006) estimate a Ricardian function for the Eastern United States using the sum of degree days and total precipitation between April and September instead of average temperature and total precipitations during the four seasons. Massetti, Mendelsohn and Chonabayashi (2016) show that degree days and average temperature during April-September are almost perfectly correlated and that the four-season model provides better out-of-sample forecasts than the growing season model used by Schlenker, Hanemann and Fisher (2006) . A four-season model is clearly more appropriate for Italy because its generally mild climate allows perennials (e.g. olive trees) and some crops (e.g.
winter wheat) to grow also during winter and early spring months. For each farm i we use the climate of the local municipality. Because the municipality is comparatively small, this is one of the most spatially detailed studies in the literature (see Fezzi and Bateman (2015) for a discussion of the value of spatial detail).
We include control variables that the literature has shown to affect land value. Some of the time invariant variables in G are measured at the farm (latitude, longitude, elevation) level while others are measured at the municipal level (soil quality, whether a municipality is coastal or not, population density, average growth rate of population and tourism receptive capacity). The variables in Z describe farm characteristics that can change over time (farm size, percentage of rented farmland, age of farmer).
We include regional dummies to capture regional exogenous variables, such as regional agricultural policies and subsidies or other characteristics that we do not measure. 1 The inclusion of regional dummies reduces the out-of-sample root means square error (RMSE) from 0.65 to 0.58.
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We formally test the poolability over time on the balanced panel of farms. We perform the standard Chow test (Chow, 1960) and the Roy-Zellner test (Roy, 1957; Zellner, 1962) , a modified version of the Chow test that accounts for the possibility of non-spherical disturbances (Baltagi, 2013) . Results of both tests do not reject the null-hypothesis of equal parameters with respect to time (at 1% level).
3
Earlier literature suggests that crops and livestock as well as irrigated and rainfed farms may react to climate in different ways (Mendelsohn and Dinar, 2009; Van Passel, Massetti and Mendelsohn, 2016; Chatzopoulos and Lippert, 2016) . We test this hypothesis by measuring the climate sensitivity of farms that just sell crops versus farms that just sell livestock. We also estimate separate Ricardian functions for rainfed and irrigated crop farms. The small fraction in our sample of farms in Italy that engage in both crop and livestock farming were omitted from these estimates.
We calculate the percentage change in land value associated with a marginal increase in temperature and precipitation in season k as follows: . We obtain Fobs = 0.00003 ~ F(165,27604) from the estimation of Equation (3) in the paper. The very small F statistic does not reject the null hypothesis in favor of poolable panel data with respect to time (p<0.999).
Note that the percentage change is a function of the local climate. We use climate at the municipal level to calculate municipal level marginal effects over the whole country.
Finally, we calculate the impact on current farms of possible future climates, ceteris paribus. It is beyond the scope of this study to predict the change in prices, technology, and policies that may occur far into the future. We explore these future climate scenarios simply to provide a sense of how the climate sensitivity changes as climate changes. We compute the potential welfare impact of these climate scenarios by comparing the predicted land values at new temperatures and precipitations (T f , R f ) to the predicted land values at the historic climate (T 0 , R 0 ), for each farm. In predicting land values we account for the logarithmic transformation (̂= (̂2 2 ⁄ ) (̂)) and we use time averages of time-varying control variables and time fixed effects. Thus, the predicted change of land value for each farm is calculated as follows:
When we aggregate farm impacts over larger regions we use the sample weights provided by the FADN.
4
Throughout the paper we use spatially robust standard errors (Conley, 1999) to account for spatial correlation among farms. 
Data
We construct a unique dataset of farm level agricultural data, temperature, precipitation, soil quality In order to calculate this individual weight, holdings in the sample and in the field of survey are stratified according to three criteria: FADN region (21 in Italy), type of farming and economic size class. 5 We followed the approach developed by Conley (1999) as implemented by Hsiang (2010) . We report in all tables standard errors based on a cut-off of 100km.
regulated and harmonized by the European Union in order to administer agricultural policies. The dataset includes the agricultural land value per hectare and other farm specific variables (e.g., irrigated area, share of rented land, mean elevation). FADN estimates the value of farmland from owner-occupied farmland using regional prices for non-rented land of similar quality sold for agricultural purposes. Farms are geo-referenced and distributed across the whole Italian peninsula.
About 55% of 8,092 Italian municipalities are directly represented in the dataset, and these constitute about 73% of the Italian peninsula's territory. 6 Some municipalities are very small in Italy and they do not provide a large enough sample of farms. For example, in Lombardy Region (the region with the lowest share of municipalities represented in our sample) 48% of the municipalities have an area of less than 10 square kilometers (ISTAT, 2013) . The overall representativeness of the sample is guaranteed by stratification according to criteria of geographical representativeness, economic size and farm type.
Geographic coordinates of farms are available only from 2011 onwards and we would lose about 30% of the sample if we limited our analysis to these farms. We prefer working with a larger set of farms in a pooled panel setting to increase the precision of our estimates. For each farm we used geographic coordinates of the corresponding municipality to measure climate variables, soil quality, socio-economic and geographical variables. As municipalities are typically very small (the median surface area is 22 km 2 -ISTAT, 2013) we retain a high level of spatial disaggregation. In comparison, the Italian NUTS3 regions used by Van Passel, Massetti and Mendelsohn (2016) have an average surface size equal to 2,746 Km 2 .
Gridded temperature and precipitation data is from the Climatic Research Unit (CRU) TS3.21 dataset (Harris et al., 2014) . The dataset covers the entire globe at a 0.5x0. variables (e.g., whether the farm belongs to a coastal municipality) are from the Italian National
Institute for Statistics (ISTAT). Data on tourism (e.g., density of touristic establishments) is from the annual survey of the capacity of tourist accommodation establishments, conducted at municipality level. These variables are important when land value (rather than net revenue) is used as dependent variable, as they allow controlling for factors impacting land value other than agricultural use, such as land scarcity and competition with other land uses (Mela, Longhitano and Povellato, 2012) . Descriptive statistics of the variables used in this study are presented in Table 1 .
Definitions for each variable are presented in the Appendix. Note: The medians provide a better overview of the farm sample's characteristics because the distribution of variables is right-skewed.
Result

Temperature and Precipitation Marginal Effects
The Ricardian regression of Equation 3 is presented in Table A3 in the Appendix. Most of the seasonal climate coefficients are highly significant. The climate coefficients of the squared terms are significant implying that the climate effects tend to be nonlinear. Because the raw coefficients are difficult to interpret, we present in Table 2 Massetti and Mendelsohn (2016) estimate that there would be only a 5% loss.
For Italy as a whole, a marginal increase (decrease) in precipitation has strong negative (positive) effects in autumn and winter but a positive (negative) effect in spring and summer.
However, the net annual effect of a uniform increase in precipitation is insignificant at the national level. The effects for precipitation do differ across the regions of Italy. The annual effect of more (less) precipitation is harmful (beneficial) in the North but beneficial (harmful) in the Centre and South. This is likely due to the fact that the North has much higher levels of precipitation than the rest of the country. The spring effect of more precipitation is harmful in the Alps but beneficial in the rest of the peninsula. An increase in summer precipitation is in general beneficial across the peninsula.
Southern regions and the islands of Sicily and Sardinia benefit the most from a marginal increase in spring and summer precipitation, presumably because they are currently very dry.
Ricardian regression: sub-sample analysis
Previous research has shown that different farm types react differently to climate (e.g. Van Passel, Massetti and Mendelsohn, 2016; Chatzopoulos and Lippert, 2015; De Salvo, Raffaelli and Moser, 2013; Kurukulasuriya and Mendelsohn, 2008) . We follow this literature and test whether farms specialized in crops have a different climate sensitivity than farms specialized in livestock in Italy.
Cropland farms outnumber livestock farms almost three to one. We also test whether irrigated crop farms differ from rainfed crop farms in climate sensitivity. We continue to rely on the regional fixed effects model (Equation 3).
Farm type is an endogenous choice by farmers. This exercise does not explain the choice of farm type, merely the climate sensitivity of farms that have chosen to be different types. Note that these different subsamples have very similar climate characteristics (See Table A -2 in the Appendix). Irrigated crop farms tend to have a slightly cooler climate and more rainfall than rainfed crop farms, but the differences are small. Crop farms have slightly warmer and dryer climate.
The detailed results of the regressions for each subsample are shown in Table A4 and Table A5 in the Appendix. Notes: The marginal impacts are evaluated at the mean temperature and precipitation of each sample (see Table A2 in the Appendices). The dependent variable is the logarithm of farmland value (EUR/ha). Spatially corrected standard errors and 95% confidence intervals in brackets.
Temperature (+1°C)
Precipitation ( are quite different. Warmer winters are harmful to irrigated farms whereas they are beneficial to rainfed farms. In contrast, warmer autumns benefit irrigated farms but harm rainfed farms. Higher spring temperatures benefits rainfed farms but have no effect on irrigated farms. A marginal change in annual precipitation has no effect on the value of either irrigated or rainfed farms. The seasonal precipitation coefficients of rainfed and irrigated farms are not identical but they are not significantly different either.
To explain what causes the differences in climate sensitivity across farm types one must use different models that allow for farm type selection. This is beyond the scope of this paper and we leave these interesting questions to further research.
Non Marginal Impacts
In this section we present estimates of impacts of possible future climate change scenarios. We use the spatially detailed climate scenarios of eight General Circulation Models: The analysis is not a forecast of future outcomes but rather an examination of the non-marginal climate sensitivity of current agricultural production.
Note: Expected value and 95% bootstrap confidence intervals. The regions that will most likely suffer from negative impacts are Alto Adige, Sicily, Trentino, Aosta Valley, Sardinia and Calabria. The regions for which most models and scenarios predict statistically significant positive impacts are Umbria, Molise, Abruzzo (in the Centre) and Puglia (in the South).
In a few cases, negative impacts are slightly more detrimental under the low emission scenario than in the case of high emission pathways, for example in some region in the South for the NorESM1-M scenario. The climate model in this case predicts a larger change in climate in this province in the low emission scenario. But in general, the climate models predict larger climate changes as emission rates increase. The high emission scenario also suggests larger confidence intervals on the climate impacts, at the national level ( Figure 2 ) and especially at provincial levels [-65 -60 ( Figures A1 to A21 ). An effect of shifting from a high to a low emission scenario is the reduction of uncertainty in how climate will affect different parts of Italian agriculture.
Finally, we compare the effect of climate change on land values for irrigated and rainfed crop farms separately. We use the coefficients presented in Table 3 and the same set of climate scenarios used for the full sample of farms. Expected values and confidence intervals for both sub-samples of farms are presented in Figure 5 . The estimates assume adaptation within each sub-sample, but irrigation choices cannot change. Impacts are mostly non-significant for rainfed crop farms, also under the most severe climate change scenario at the end of the century. Irrigated farms impacts are instead proportionally larger than for the whole sample. One possible explanation for these results is that irrigated farms specialize in crops that are more sensitive to climate than non-irrigated farms, however, our model cannot explain the differences across the two farm types. The aggregate effect of climate change (rainfed plus irrigated crop farms) is larger when using two separate
Ricardian regressions under most climate change scenarios, which is a direct consequence of not allowing farmers to make different irrigation choices.
Note: Expected value and 95% bootstrap confidence intervals. -60% This study contributes to this goal by greatly increasing the level granularity at which Italian farms are used compared to Van Passel, Massetti and Mendelsohn (2016) . For the first time Italian farm-level data is used to estimate the relationship between climate and agricultural land values.
Our sample of Italian farms covers all current major farming activities in Italy, including both crop and livestock farms and irrigated and rainfed farms. This study shows that climate is an important factor determining land value in Italy. Increasing spring temperature is beneficial while increasing summer temperature is detrimental for agricultural land value. Also important to mention is the beneficial impact of more precipitation in spring and summer. These results are consistent with Ricardian studies in Europe (Van Passel, Massetti and Mendelsohn, 2016) and crop studies but we find lower marginal impact of warming than Van Passel, Massetti and Mendelsohn (2016) .
In general, the results show the importance of seasonal climate changes when measuring impacts and considering climate adaptation policies. Notably, if climate change models predict different effects by season, the seasonal variation will be important. Climate impacts are also likely to vary a great deal across Italian regions because the climate is very heterogeneous. For example, an increase in precipitation tends to be harmful in the northern region, but beneficial further south.
We analyse non marginal impacts for four different scenarios: medium versus long run and low versus high emission pathways. The impacts on farmland values are heterogeneous across Italian regions but generally negative, with aggregate farmland value impacts ranging from about +1.5%
to about -15.8%.
Non-marginal climate impacts of current agricultural production are, as expected, more detrimental with a high emission scenario, compared to a low emission scenario. This is especially true by the end of the century. However, the marginal climate effects in the near term are not evenly harmful. There is no doubt that some regions of Italy are more vulnerable than others.
Southern Italy is consistently the most vulnerable whereas the results in the North vary a great deal.
Especially, as one examines ever greater spatial detail, a great deal of uncertainty emerges.
One important result of this paper is that long term climate change impacts in Italy are likely to be harmful. However, compared to the results of previous analyses of all of Western Europe (Van Passel, Massetti and Mendelsohn, 2016) , the harmful impacts in Italy may be smaller than previously thought. Further work is necessary to explain these differences. Further work is also necessary to reveal if similar divergences emerge when using very high resolution farm data in other countries and to understand what causes the different climate sensitivities of different farm types.
A major advantage of the Ricardian method is that it accounts for all the adaptations that are available today to Italian farmers. However, the method also does not analyse how adaptation is implemented and it does not take into account likely future changes in crop varieties and animal breeds, technology, prices, and investments. It is not known how these other changes might affect the climate sensitivity of farms. Constraints associated with future available water supplies were not included in the analysis. Finally, although the analysis looked at many climate model forecasts, it is not clear that the study included all possible future climate scenarios. An important further caveat, as in other econometric studies, concerns our inability to account for the positive effect of carbon fertilisation due to changes in CO2 concentrations, which are uniformly spread across the globe. Laboratory tests suggest that with a doubling of CO2 concentration productivity would increase by 10-30% and field test estimate a 15% productivity gain (Long et al., 2006 , Leakey et al., 2009 . These productivity gains are commensurate with the estimated reduction of land values. 
Appendices
Farm specific variables
Farmland value
The agricultural land is valued on the basis of prices (net of acquisition costs) applying in the region for non-rented land of similar situation and quality sold for agricultural purposes. The total value is divided by the utilized agricultural area. Note: This Table shows the mean temperature and precipitation for each farm sub-sample, at which we evaluated the marginal effects of seasonal temperature and precipitation. Note: The coefficients and the standard errors are corrected for spatial autocorrelation (Conley, 1999) . Region fixed effects not shown. *** p<0.01, ** p<0.05, * p<0.1. Notes: The coefficients and the standard errors are corrected for spatial autocorrelation (Conley, 1999) . Region fixed effects not shown. *** p<0.01, ** p<0.05, * p<0.1. Notes: The coefficients and the standard errors are corrected for spatial autocorrelation (Conley, 1999) . Region fixed effects not shown. *** p<0.01, ** p<0.05, * p<0.1. 
